This paper builds on the existing literature assessing retrospectively the quantitative effects of natural disasters on different dimensions of household welfare, to make progress toward the ex ante identification of households that are vulnerable to poverty due to natural disasters, especially typhoons. A wind field model for the Philippines is employed to estimate local wind speeds at any locality where a tropical typhoon directly passes over or nearby. The estimated wind speeds are merged with the household Family Income and Expenditure Surveys at the barangay level, and consumption expenditures are then regressed against wind speed (or a related damage index) and household socioeconomic characteristics. The estimated coefficients from the regression model are then used to estimate ex ante household vulnerability to poverty (the likelihood that household consumption falls below the poverty line) in the event of future natural disasters of different intensities.
Introduction and Motivation
With 60% of its population living in coastal areas, and sensitivity to the El Niño phenomenon, the Philippines is one of the countries with a high propensity to be exposed to typhoons and one of the top 10 countries worldwide at risk for both climate change and disasters. Forecasts on climate change predict an increase in extreme rainfall in the Philippines, with the number of days with heavy rainfall (greater than 200mm) expected to increase with global warming by the year 2020 and 2050 (Cruz et al., 2017 Philippine Climate Change Assessment).
Understandably, given their disruptive and destructive power, typhoons attract a lot of attention in the Philippines. For instance, as recently as September 2018, Typhoon Mangkhut struck the Philippines after thousands of people evacuated their homes to dodge the 550-mile wide storm as it roared across the Pacific with maximum sustained winds of 120 miles per hour (New York Times, Sep 14, 2018) .
1 Fortunately, Typhoon Mangkhut hit an area far less densely populated and, because of geography, much less vulnerable than Tacloban, a highly urbanized Philippine city devastated by Typhoon Haiyan, that struck in 2013 and resulted in 6000 deaths and destroyed so many homes across the central Philippines (Visayas) that it displaced nearly four million people.
Empirical evidence has shown that natural disasters, such as typhoons and cyclones, play an important role in preventing people from moving out of poverty and in pulling back into poverty people who were able to escape poverty. Disaster risk response is therefore an important component of poverty reduction, especially in the context of recurrent shocks. With the increased focus on fragility, transient poverty, disaster risk management and crisis response, the components of an effective disaster risk management program of countries subject to frequent natural disasters are twofold: ensuring that (i) that there is immediate liquidity in the aftermath of the disaster and (ii) there is a set of scalable social protection programs in place leveraging on existing social protection systems to rapidly provide support to the exposed and vulnerable sections of the population immediately after a disaster.
Fortunately, the Philippines has one of the most advanced Social Protection systems in the East Asia Pacific region, designed to help poor households manage risk and shocks. Undergoing rapid and comprehensive social welfare reform since 2007, the Government of the Philippines has developed a number of national social protection programs that are accompanied by advanced information and delivery systems. Among them is the large conditional cash transfer program, called Pantawid Pamilya Pilipino Program (4Ps). Households receive cash grants if children stay in school and get regular health check-ups, have their growth monitored, and receive vaccines. Pregnant women must get pre-natal care, with their births attended to by professional health workers. Started in 2007, the government expanded the program to reach a total of 20 million Filipinos belonging to 4.4 million households in June 2018. The program benefits about 20% of the population, the majority of the nation's poor.
Nine million children are currently benefiting from the program, 1.9 million of which are in high school.
Currently, the targeting for eligibility for the benefits of the 4Ps program is aimed primarily towards alleviating chronic poverty among eligible poor households and not towards identifying those that are vulnerable to poverty. Beneficiaries are objectively selected through the National Household Targeting System, also known as Listathanan, which is based from a survey of the physical structure of their houses, the number of rooms and occupants, their access to running water, and other factors affecting their living conditions (Velarde, 2018) . The program has one of the most comprehensive poverty targeting databases in the world today, covering 75% of the country's population. It has been used extensively to identify poor and near-poor beneficiaries for national and local government programs.
The rationale of scalable social protection programs is to expand coverage in the event of a disaster to include not only the poor but also some of those believed to be vulnerable to falling into poverty when exposed to a shock. The objective is to mitigate the direct impact on household asset and welfare losses in the direct aftermath of a disaster, but also to prevent some of the intermediate term impacts -including forced displacement, and negative coping mechanisms used by poor households to handle the shock -such as selling off productive assets.
This paper builds on the existing literature assessing ex-post the quantitative effects of natural disasters on different dimensions of household welfare (e.g. Anttila-Hughes and Hsiang, 2013; Strobl, 2019; Ishizawa and Miranda, 2016) to make progress towards the ex-ante identification of households vulnerable to poverty due to natural disasters. A wind model for the Philippines is employed to estimate local wind speeds at any particular locality where a tropical typhoon directly passes over or nearby. The estimated wind speeds are merged to the household FIES survey at the barangay level and consumption expenditures are regressed against windspeed (or a related damage index) and socioeconomic household characteristics. The paper shows that different specifications of typhoon effects have negative impacts on consumption levels, especially food. The estimated coefficients from the regression model are then used to estimate ex-ante household vulnerability to poverty in the event of future natural disasters of different intensity.
The proposed approach applied to the case of typhoons is fully complementary to the proxymeans targeting (PMT) method used by Listahanan and the 4Ps, in the sense that in addition to the chronic poor currently identified by the PMT method of the 4Ps program, it allows identification (or targeting) of the households that are likely to fall below the poverty line in the event of a natural disaster shock. The ex-ante identification of those who are vulnerable to poverty combined with timely support for these households makes it possible to provide targeted support in a timely and cost-effective manner.
Methodology
Poverty is related but different from vulnerability. The poverty status of a household is the realization of a stochastic process that generates consumption outcomes. If realized consumption or current period per capita expenditures (PCE) fall below the poverty line, the household is classified as a poor household. Thus, poverty is a backward-looking or an ex-post measure of household well-being that may have been affected adversely by shocks experienced in the recent or more distant past. The conceptual distinction between poverty and vulnerability to poverty, rests on the fact that vulnerability to poverty is not about the present but rather about the future (Gallardo, 2018) . Vulnerability is a forward-looking or exante measure of well-being summarizing the future prospects of a household, as well as something about its current well-being. The uncertainty that households face about the future stems from multiple sources of risk-natural disasters may happen, harvests may fail, food prices may rise, the main income earner of the household may become ill.
With these considerations in mind, the welfare of a household measured by PCE, is assumed to be characterized by two key parameters: the mean value of household PCE over different states of the world, and the variance of household PCE. Thus, households are assumed to differ with respect to the mean level of their PCE and the variance of their PCE around that mean.
Figure 1 summarizes these two dimensions of welfare, mean and variance, for 10 hypothetical households (households A, B, … , J). The mean consumption expenditure of a household (or the average value of consumption expenditures, for example, associated with many different shocks or states of the world over time) is depicted by the orange square. Different shocks at different points in time lead to variation around the mean value of expenditure, and the variance of welfare is depicted by the width of the horizontal lines to the right and to the left of the mean value of expenditure. Thus, households differ with respect to the mean level of their expenditure and the variance of their expenditure around that mean, with some households having a low (or high) mean level of consumption and a low (or high) variance of consumption.
Household A, for example, is on average a poor household with a low mean consumption placing it below the poverty line, depicted by the vertical line in Figure 1 , whereas household B is on average a non-poor household with a higher level of mean consumption located above the poverty line. In Figure 1 below, households A, D, G and I are on average poor households and their vulnerability is "poverty induced" meaning that it is determined primarily by low endowments of assets and human capital, that are the primary determinants of their low mean value of welfare. Households B, C, E, F, H and J are on average non-poor households as their mean welfare is above the poverty line. However, some of these households are vulnerable to poverty while others are not. Households B, E and H, for example, have variability in their consumption but the variance line never crosses the poverty line. In contrast, households C, F, and J may end up below the poverty line under some circumstances, as depicted by the fact that the variance of their consumption around the mean crosses the poverty line. For households C, F, and J, vulnerability to poverty is "risk induced".
2 In general, the extent of vulnerability to poverty depends on the risk management strategies of households and communities, the abilities of households to cope after the incidence of the shock (e.g. assets owned, herd size, social capital), and access to safety nets (e.g. 4Ps). An understanding of the causes of vulnerability to poverty is necessary for the design of policies that increase the overall resilience of household welfare to shocks. To the extent vulnerability to poverty is "poverty induced" (i.e., low assets and human capital endowments) 2 Figure 1 is also useful as an example of the difference between poverty and vulnerability headcount measures. The poverty headcount is based on the fraction of households whose consumption happens to be below the poverty line at a particular point in time. Depending on the timing of measurement and the type of shocks experienced (as well as the capacity of household to mitigate the impacts of such shocks ex ante or cope with these shocks ex post) the poverty head count may range anywhere between 20% (only households A and I poor) and 70% (households A,C,D, F, G, I, and J). In contrast, the vulnerability headcount rate is simply 70%.
3 Vulnerability to poverty is related to the concept of "resilience" which concerns the longer time-path of well-being in the face of shocks, and especially the likelihood that any adverse outcomes of either risk avoidance or a realized shock do not persist for an extended period. For example, a nonpoor household may be vulnerable to becoming poor due to job loss yet be quite resilient if the prospects for finding follow-on employment offering similar compensation are high and/or formal or informal safety-net programs reliably provide adequate support reasonably promptly. In statistical terms, a nonpoor household with high conditional variance of income might be both vulnerable (to becoming poor) and resilient (because the poverty is sufficiently low in duration, intensity, and/or likelihood (Barrett and Constas, 2014) . then cash transfer programs or programs enhancing the delivery of basic services facilitating investments in physical and human capital are likely to be the most appropriate. The 4Ps program in the Philippines is a prime example of a cash transfer program aimed at addressing chronic or poverty-induced vulnerability. In contrast, if vulnerability is primarily "risk induced" (i.e., high uninsured income fluctuations) then an insurance type of program may be needed to increase resilience. The insurance provided would allow households to make production and investment choices based on their expected returns rather than the potential implications of these investments on welfare.
Extending some of the ideas of Hill and Porter (2017) , the analytic framework adopted is operationally useful and complementary to the Listahanan Proxy Means Test (PMT) as well as as the (PMT+) approach summarized by Mills, Del Ninno and Leite (2015) in their survey of effective targeting mechanisms in Africa (Del Ninno and Mills, 2015) . In short, the approach adopted for identifying the vulnerable consists of the following three steps:
Step 1: The mean PCE of households is estimated by a linear regression model that summarizes household welfare at any given point in time as a function household observed characteristics and the recent typhoon shock experienced. Specifically, household welfare at any given time is specified by the equation below:
where ln ℎ denotes the log of real or cost-of-living-adjusted per capita expenditures (PCE) defined by the ratio the nominal ℎ ,.of household h, in barangay or cluster b, in year t, in semester s, adjusted by the Consumer Price Index in province in year t, in semester s, ℎ denotes household observable characteristics, such as age and education level of the household head, the total number, age and gender composition of household members, ownership of assets such as livestock, phone radio, TV etc., characteristics of the household residence including type and quality of water and sanitation facilities, main source of energy, type of floor and material of construction for walls and roof, and is the typhoon-related shock experienced (proxied by the windspeed) by the barangay b in which the household residence is located in year t in semester s. The term denotes binary variables identifying regions (region-specific fixed effects for the 17 regions in the Philippines), denotes binary variables for year effects and denotes semester fixed effects and a full set of interactions among the three groups of fixed effects. 4 The error term ℎ summarizing the influence of all other unobservable variables and shocks on lnC, is assumed to be uncorrelated with included regressions and to have usual properties of a zero mean and a constant standard deviation.
There are at least two points that are important to bear in mind in relation to the above specification. First, equation (1) above is specified at the national level but in principle separate equations may be specified for urban and rural areas or for the National Capital region and all other areas in the Philippines. The analysis in this paper is carried out with the specification of equation (1) that does not take into account these refinements. Second, the specification of equation (1) above only models the direct impact of the typhoon on consumption. It is hypothesized that the direct effect of the typhoon on lnC summarized by the estimate of the parameter 2 is negative ( 2 < 0). 5 In principle, one may also include the interaction of the typhoon shock with selected household characteristics summarized by ℎ by including an additional term such as 3 ( * ℎ ). For example, the direct effect of wind speed on welfare summarized by the estimate of the parameter 2 may be negative but the effect of wind on consumption may be smaller for households whose residence walls or roof are constructed with cement or bricks. This effect would be captured by a positive estimate of the coefficient 3 capturing the interaction of the wind shock with the material of walls. Such as specification will be explored in a later version of the paper.
Based on the specification above, the mean of lnC of each household can be estimated by the relation between their observable characteristics ℎ in the absence of aggregate shocks ( =0), i.e.,
Step 2: The variance of household consumption (or the whiskers around the mean consumption of a household as in Figure 1 ) may be estimated based on the estimates of the parameters of equation (1) above, by simulating the different values of household lnC corresponding to different realizations of the shock and the error term. In this study, the derivation of the simulated values on household specific consumption corresponding to "future" windstorms is carried out based on the coefficient estimates of Table 1 using the historically highest value of the wind damage index over the 1950-2016 period for the barangay where a household is located (see Figure 4a ).
Given that vulnerability is about the likelihood of falling into poverty over a given time interval in the future (e.g. in period t+1) it is necessary to take into account of the potential influence of the variety of all other random shocks (in addition to windspeed) on the future value of PCE. 6 For this reason, 1,000 simulated values of household consumption expenditures are derived using 1,000 household specific values randomly drawn from the distribution of the error term in equation (1). The standard deviation of consumption conditional on household characteristics is then estimated based on these 1,000 simulated values of household lnC.
Step 3: The estimated household-specific mean and variance of lnC may then be used to identify the chronically poor (those whose mean consumption in the absence of a shock is below the poverty threshold) as well as those that are vulnerable to poverty from typhoons. Specifically, "chronically poor" households or households eligible for program coverage, in the absence of any shocks, are those with expected or mean lnC, in the absence of a shock, below the poverty threshold z (in log), i.e.,
Equation (3) may also serve as the basis for the construction of a PMT for the identification of chronically poor households outside the sample of households used for the estimation of equation (1) as is currently done in the Listahanan PMT of the Philippines.
The vulnerability of household h, in barangay b, in period t+1, in semester s, denoted by ℎ +1 , can defined as the probability that consumption will fall below the poverty line z, i.e.,
Assuming that the distribution of real PCE for all individuals in the population is log-normal 7 expression (4) can be transformed to
where Φ is the Gaussian standard cumulative distribution, and ( ℎ +1 | ℎ , = 0) and � ( ℎ +1 | ℎ , +1 ) are the conditional expected value and conditional standard deviation of the random variable ℎ +1 , respectively (e.g. see Gallardo, 2018) . The above steps are not sufficient to identify a vulnerable household, since all households have a nonzero probability of falling below the poverty line. The identification of the vulnerable households requires setting a threshold for the probability of being vulnerable to poverty. For this purpose, two thresholds for vulnerability to poverty are chosen. The first, is 24.9% which is the poverty threshold in 2003. 8 In a steady state, the prevailing poverty rate may be considered as the likelihood that any household may face at being poor (e.g., see Chaudhuri, 2003) . Based on this reasoning, a household is identified as vulnerable if it has a likelihood of being poor greater than or equal to the baseline poverty rate of 24.9% in 2003. The second threshold is higher, since it classifies a household as vulnerable if the household has a likelihood of being poor greater than or equal t0 50%. The advantage offered by the proposed methodology is that it allows the identification of "chronically" poor households as well as of the households vulnerable to poverty due to exposure to community-level aggregate shocks (i.e., typhoons). Household welfare is defined by observable characteristics of the household and exposure to shocks. The chronically poor are identified by the relation between their observable characteristics in the absence of a shock, which is analogous to the predicting the poverty status of a household using a traditional PMT. In contrast, the vulnerable can be identified from the potential direct welfare effect of the wind speed associated with a new typhoon on future PCE and thus the possibility of falling below the poverty line.
10 One should bear in mind that an analogous similar modeling approach can be followed for the identification of the households vulnerable to other kinds of natural disasters, such as earthquakes, floods and droughts. Alternatively, if the interest is on identifying the vulnerable to all kinds of covariate and idiosyncratic shocks, and not just to a particular shock as in this paper, it would be worthwhile exploring the method proposed by Gunther and Harttgen (2009). 11 8 Annex 3 provides an estimate of the evolution of the poverty rate in the Philippines, based on the household PCE measure adjusted by the year/month province specific CPI used in this study. 9 The 0.5 probability threshold is justified in the following arguments provided by Pritchett et al. (2000, p. 5) and by Suryahadi and Sumarto (2003, p. 48) : "First, this is the point where the expected consumption coincides with the poverty line. Second, it is intuitive to say a household is "vulnerable" if it faces at least 50% probability of falling into poverty. Third, if a household is just at the poverty line and faces a mean zero shock, then this household has a one period ahead vulnerability of 0.5. This implies that, in the limit, as the time horizon goes to zero, then being in current poverty and being currently vulnerable to poverty coincide." 10 The potential effect of the shock may also be inclusive of the interaction of the shock with other household characteristics, if the term 3 ( * ℎ ) is included in equation (1).
11 A comparison of the vulnerable identified by the two different approaches is left for a companion paper.
Data Sources
Household-level data: The analysis utilizes household-level data from the Philippines Family Income and Expenditure Surveys (FIES) for the years 2003, 2006, 2009, 2012, and 2015 , collected by the Philippines Statistical Authority. The FIES is used for the official estimation of poverty in the Philippines and it provides detailed information on the components of household food and non-food expenditures (inside and outside the home), household income by source, as a well as a wide variety of household socio-economic characteristics.
FIES data are collected twice for each household, just after the middle of the year (July) and just following the end of the year (the following January), with responses for each survey reflecting economic behaviors over the preceding six months. Responses for each household are then averaged between the two surveys to construct annual estimates. It is important to note that if a household cannot be found in either round of the survey, it is dropped from the sample, which raises some concerns about the use of the annual FIES data made publicly available in any analysis of the welfare impacts of typhoons in general. Typhoon activity in the Philippines is concentrated in the second half of the calendar year, so estimates of typhoon impacts using consumption data averaged over two points, one in June and the other in January of next year, may be somewhat attenuated because the consumption in June is collected prior to the bulk of typhoon events and thus likely to be higher than the consumption expenditures collected in January next year.
We are fortunate to have access to the semester data behind each publicly available annual FIES survey. This offers a number of advantages: (i) it allows closer and better matching of the timing of a typhoon and the date of measurement of consumption and thus an investigation of the short-term impacts of typhoons occurring during the six month interval prior to the collection of household expenditure; and (ii) the possibility of investigating the medium-term impacts of typhons, i.e. the impacts of typhoons occurring in the first six months of the calendar year on the consumption of households in the second semester (bearing in mind that this may be biased due to attrition of households between survey rounds).
Earlier studies on the impacts of typhoons on different dimensions of welfare (Anttila-Hughes and Hsiang, 2013) have been hampered by the fact that they only had access to the annual averaged FIES consumption data, which, for the reasons mentioned above, are likely to be attenuated.
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The use of household-level PCE data varying across two semesters of a calendar year as well as across calendar years 2003, 2006, 2009, 2012, and 2015 , and across different regions, requires taking into account of the temporal (within year and across years) and spatial variation in the cost of living in the Philippines. 13 For this reason, nominal consumption in each year is divided by the June CPI in each province for observations in semester 1 and the December CPI in each province for observations in semester 2. 14 One notable aspect of the province-specific CPIs is that they are all equal to 100 in the base year (2012=100). This allows tracking of differences in the evolution of the cost of living across provinces over time but does not allow for identification of the difference in the cost of living across provinces in the base year. 15 The poverty line (z) used in this paper is determined using the level of PCE in 2003 corresponding to the official poverty rate of 24.9% in 2003.
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Shock Measure: A wind model based on Boose et al. (2004) for the Philippines is employed to estimate local wind speeds at any particular locality where a tropical typhoon directly passes over or nearby. 17 An additional distinguishing feature of this study is the fact that it uses the Philippines Standard Geographic Codes (PSGC) of the barangays (smallest administrative units) or residence of the households sampled by the FIES. Access to the PSGC of barangays, allows the wind model to be more granular in the sense that estimates of the wind speed associated with any given typhoon can be derived for the geographic location of each barangay. This provides a much better estimate of the wind speed experienced by any given household during a typhoon and thus the basis for a more realistic assessment of the impact of wind speed on household consumption. Anttila-Hughes and Hsiang (2013), did not have access to the barangay-level codes, and thus had to estimate windspeeds at the province level. This, in turn, implies that all households in each of the 81 provinces were assigned the same wind speed irrespective of a household's distance from the typhoon's path. analysis is to simulate household-specific consumption associated with barangay-specific windspeeds from the historic record of typhoon storms in the Philippines over the 1950-2016 period. Table 1 presents the estimates of the impacts of the incidence of a typhoon on total PCE (col. 1), food and non-food expenditures per capita (col. 2 and 3, respectively), per capita expenditures on protein (col. 4), fruits (col. 5), cereals (col.6), education (col. 7) and medical services (col. 8). 18 The shock variable used is a wind damage index (denoted by f203_hy) constructed based on the maximum wind speed observed in the barangay during the 6 months preceding the month of interview of the household. Following the insights of Wang and Xu (2010) and Emanuel (2011) , local destruction is allowed to vary with wind speed in a cubic manner. Specifically, based on Emanuel (2011) , the wind damage index constructed is based on the expression
where is the fraction of the property lost and
where is the maximum wind speed in the barangay during the 6 months preceding the date of interview of the household, ℎ ℎ is the wind speed above which damage occurs, assumed to be 50 knots (or 98 km/hr), and ℎ is the wind speed at which half the property value is lost, assumed to be 203 km/hr. Notes: The full list of regression estimates of equation (1) It is hypothesized that the direct effect of the typhoon on PCE summarized by the estimate of the parameter 2 is negative ( 2 < 0). The estimate of 2 in col. 1 of Table 1 reveals that exposure of a barangay to a typhoon in the 6 months before the month of interview is associated with a statistically significant decline in PCE. The coefficient -0.157 in col.1 of Table  1 implies that when the index (denoted by f203_hy) is 1, which implies that there is 100% damage of the building/infrastructure, then PCE decline by 15.7 percent. 19 Along similar lines, PCE on food decline by 23.5 percent (see col. 2) while PCE on non-food are not significantly affected. Also, PCE on protein seem to be negatively affected (decline by 48.3%) whereas PCE on fruits and vegetables, cereals, education and medical services appear to be unaffected. Table 2 below reports estimates of equation (1) including an interaction term of the windspeed variable with the household being a beneficiary of the 4Ps conditional cash transfer program (i.e., the binary variable 4Ps and the interaction term 3 ( * 4 ) are included in equation (1)). This is useful for assessing whether access to the 4Ps program is associated with some protection to household welfare (as measured by PCE) from the negative effects of typhoons (at least among the current beneficiaries in the typhoon affected barangays). 20 Given that the 4Ps program was established in 2007, expanding coverage gradually over the years, the estimates in Table 2 are based on the reduced sample of households surveyed in the two most recent years of FIES in 2012 and 2015, when coverage was more extensive.
The coefficient of the binary variable 4Ps is negative and statistically significant which attests to the targeting of the 4Ps program towards the poor (i.e., households benefitting from the 4Ps program have lower PCE than those not in the program). The negative and statistically significant coefficient of the wind speed variable (f203_hy) implies that the shock has a negative effect on the PCE of nonparticipants in the 4Ps program (the reference group). The interaction of the shock with 4Ps is not statistically significant from zero but, it is positive, which suggests that the (negative) impact of the shock is smaller for 4Ps beneficiaries. In addition, the coefficient of the interaction term of the shock with 4Ps is smaller than the coefficient of the shock itself, which implies that 4Ps is able to provide only partial rather than full protection to the consumption of 4Ps beneficiaries. Testing the robustness of the results (i) Changing the reference period of the shock Table 3 presents estimates of the impact of typhoons by changing the reference period over which the index is calculated. The shock variable f203_bhy, is constructed using the maximum wind speed observed in the barangay during the first half (or the first 6 months) of the 12-month period preceding the month of interview of the household. This change in the reference period offers the opportunity to investigate the possibility of lagged effects of typhoons on the outcome variables of interest. The results in table 3 reveal that there are no significant lagged effects of typhoons on total household PCE or any of its components. (ii) Changing the shock measure Tables 4 and 5 check the robustness of the findings in Tables 1 and 2 , by using a binary variable (W119_hy), taking the value of 1 if the barangay experienced any (at least once) windspeeds over 119 km/hr during the last 6 months (or during the second half of the 12-month period) immediately preceding the month of interview of the household.
Overall the estimates in Tables 4 and 5 confirm that results reported in tables 1 and 2 are very robust. The estimate of 2 in col. 1 of Table 4 reveals that exposure of a barangay to a typhoon in the 6 months before the month of interview, is associated with a statistically significant decline in PCE by 6.7 percent. This estimate is very comparable to the impact estimates of typhoons on PCE in the literature. For example, for the Philippines, Anttila-Hughes and Hsiang (2013) using provincial panel data, estimate a reduction between 5.9% and 7.1% in consumption, whereas Ishizawa and Miranda (2016) , estimate a decline ranging between 2% and 4% for Central American countries. Baez et al. (2015) using panel data also show a fall in the consumption of Guatemalan households by 12.6%.
Along similar lines, PCE on food decline by 5.1% (see col. 2) and PCE on non-food decline by 7.8%. Also, PCE on protein seem to be negatively affected (decline by 10.1 pp) whereas PCE on fruits and vegetables, cereals, education and medical services appear to be unaffected. Table 5 with Table 2 ). (iii) Accounting for unobserved heterogeneity
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The estimates reported so far are obtained based on regional fixed effects (denoted by ) that control for all the observed and unobserved time invariant region-specific characteristics. However, there may be unobserved heterogeneity at the barangay or even at the household level that can affect the estimates of the impact of the shock on welfare.
As a means of further exploring the potential role of unobserved heterogeneity on the estimates of the impacts of typhoons on welfare, Table A in Annex 5 presents estimates of equation (1) including as an additional control the historically highest value of the wind damage index over the 1950-2016 period for the barangay where a household is located. This variable is meant to serve as a proxy for the barangay characteristics that factor in the decision of household on whether to live in a specific area. The coefficient of the impact of the f damage index increases slightly from -0.157 in Table 1 to -0.168 which suggests that barangay-level heterogeneity does not seem to have a major effect on the estimated effect of typhons on welfare.
The availability of two observations within any given year for the majority of households provides the opportunity to also investigate the role of time invariant household-specific unobserved heterogeneity. Table 6 reports the estimates of the impact of the typhoons on PCE and its components using the household random effects specification (panel 6a) as well as the household fixed-effect specification for the two different shock measures, the damage index f203-hy over the last 6 months and the binary variable W119_hy, taking the value of 1 if the barangay experienced any (at least once) windspeeds over 119 km/hr during the last 6 months. 22 The random effects estimates in panel 6a, are considerably lower in comparison to Table 1 , with the coefficient of the wind damage index losing statistical significance, and the coefficient of the binary variable on wind speed decreasing from 6.7 % in Table 4 to 2.5%. The fixed-effects specification in panel 6b yields a positive, albeit insignificant effect of the damage index f203-hy over the last 6 months on PCE. The low values of the coefficients of the shocks are a likely consequence of the decreased variability in the sample associated with the fixed or random effects transformation. Notes: Additional explanatory variables included but not reported here: family size, head is female, age of head, marital status of head, education level of head, head has a job, building type (single house vs, apartment etc.), type of material for roof, type of material for wall, floor area, type of toilet, water source, and separate binary variables for semester, year, and region, along with a complete set of interactions among these binary variables. Standard errors are corrected for clustering at the barangay level.
Another potential source of bias in the panel estimates above may be the possible attrition of households across semesters in the FIES. In Table B in Annex 5 we present OLS estimates analogous to those presented in Table 1 based on the sub-sample of households appearing in both semesters (i.e. excluding households who appear only in one semester). If attrition bias were a serious problem, then the estimates should differ. The estimates suggest that attrition bias is not a problem since the estimates obtained are practically identical to those in Table  1 .
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Considering the general robustness of the estimates reported in Table 1 to all the various sources of bias, the next section proceeds with the identification of the vulnerable based on the OLS estimates of Table 1 .
Identifying the chronic poor and the vulnerable Table 7 below summarizes the profile of the households identified as non-poor vulnerable to poverty based on the analysis above based on the 24.9 % threshold for vulnerability to poverty. The estimates corresponding to table 7 based on the 50% threshold for vulnerability to poverty are contained in Annex 6. For comparison, the profile of the households identified as chronically poor and nonpoor (and nonvulnerable) to poverty is also presented. In comparison to the chronic poor, households vulnerable to poverty are a bit older, consist of higher proportion of female headed households, have generally a higher level of education (most are high school graduates), and have roofs, and walls made with stronger material and have access to electricity. The regional composition of households that are vulnerable to poverty differs from the regional composition of the chronic poor households, with a higher proportion of the vulnerable households residing in the Ilocos Region, Cagayan Valley, Central Luzon, Southern Tagalog Region, Bicol Region, especially in the Eastern Visayas Region, National Capital Region, and Cordillera Administrative Region. 23 A logit regression was also estimated on the sample of households in the first semester, (dropout = 1, if a household does not appear in the second semester, and equal 0 otherwise) on the same set of household regressors used in equation (1) and using the highest value of the f index and windspeed over the two semesters in any given year. The estimates revealed that typhoons measured either as high values of the f index or the incidence of windspeeds above the 113 mph threshold are not significantly associated with the likelihood of household attrition out of the FIES. In contrast, some household characteristics where significantly associated with increased likelihood of attrition out of the FIES. These included having a smaller family size, being a female headed household, younger (lower age) head, and head not having a job. One question of particular interest in the identification of those vulnerable to poverty is the extent to which those vulnerable to poverty are households that are just above the poverty line, and thus easily pushed below the poverty line in the event of an adverse shock, such as a typhoon. For operational purposes, the vulnerable population is typically identified by the group of households/individuals with per capita income or PCE above the poverty line and below the "vulnerability line" defined as a multiple of the poverty line. For example, in Indonesia, the vulnerable households are identified using a proxy means test (PMT) approach as the households that have predicted PCE that are above the poverty line and below the vulnerability line defined as 1.5*Poverty Line. Along similar lines, in Brazil, the vulnerable population is identified by having a monthly per capita income above the poverty line of R$140 per capita per month and below the vulnerability line of R$291 (both lines in June 2011 prices). However, the extent to which per capita income or PCE prior to the incidence of shock are the best predictors of falling into poverty in the event of exposure to a shock is primarily an empirical issue. Tables 8 and 9 below provide the detailed distribution of the households identified as vulnerable based on the two different thresholds, relative to the distance of their current PCE (prior to the shock) from the poverty line. Based on the 24.9% threshold, the total number of households classified as vulnerable to poverty (93,826 households) is considerably larger than the number of households vulnerable to poverty based on the 50% threshold in Table 9 (11,7123 households). Moreover, with the lower threshold, 22.22 % of the vulnerable to poverty are below 1.1 x Poverty Line (PL), 44.85% are below 1.2 x PL and 66.35 % are below 1.3 x PL (see Table 8 and figure 6a ). In contrast, based on the 50% threshold, 95.91% of the vulnerable to poverty are below 1.1 x Poverty Line (PL), and 100% of the households vulnerable to poverty are below 1.2 x Poverty Line (PL) (see Table 9 see figure 6b). The above results serve to highlight the point that the identification of the vulnerable to poverty is a policy decision that involves much more than just technical considerations. The decision to support the vulnerable and the threshold used to determine who is vulnerable to poverty are intrinsically linked to the amount of budgetary resources available, as well as the ethical and political economy issues associated with the use of scarce financial resources to support households that are from higher parts of the welfare distribution. Vulnerable to poverty(50%) Non-Poor local wind speeds at any particular locality where a tropical typhoon directly passes over or nearby. The estimated wind speeds from past typhoons were merged to contemporaneous household surveys (FIES) at the barangay level and consumption expenditures were then regressed against windspeed (or a related damage index) and socioeconomic household characteristics.
The estimates revealed that exposure of a barangay to a typhoon in the 6 months before the month of interview is associated with a statistically significant decline in total per capita expenditures and in specifically food and protein per capita expenditures. Expenditures on fruits and vegetables, cereals, education, medical services and nonfood items appear to be unaffected. These results are found to be robust to changes in the measure of the shock or to controlling for potential lagged effects, and unobserved household heterogeneity. The estimated coefficients from the regression model were also used to estimate ex-ante household vulnerability to poverty (i.e. the likelihood of household consumption falling below the poverty line) in the event of future natural disasters of different intensities.
It is important to bear in mind that the methodological framework employed in this paper for typhoons can also be employed with fairly minor modifications to identify the households vulnerable to poverty from a variety of other natural hazards. Models analogous to the wind field model for typhoons based on freely accessible remotely sensed data can be used for the estimation of the intensity of other natural hazards such as floods, earthquakes and even tsunamis (e.g., Skoufias, Strobl and Tveit, 2017) . Thus, ex-ante estimates of the households vulnerable to poverty from floods and earthquakes can also be derived. Machine learning methods can also be used to improve the out-of-sample predictive ability of the regression models applied to retrospective data to estimate the relation between disaster intensity, welfare impacts, and household socio-economic characteristics. Finally, if the interest is on identifying the vulnerable to all kinds of covariate and idiosyncratic shocks, and not just to a specific shock as in this paper, it would be useful to explore and contrast the estimates of vulnerability to poverty obtained from alternative methods (e.g. the method proposed by Gunther and Harttgen, 2009 
where is the maximum sustained wind velocity anywhere in the hurricane, is the clockwise angle between the forward path of the hurricane and a radial line from the hurricane center to the pixel of interest, = , ℎ, , is the forward velocity of the hurricane, is the radius of maximum winds, and is the radial distance from the center of the hurricane to point P. The remaining ingredients in (A1) consist of the gust factor and the scaling parameters , , and , for surface friction, asymmetry due to the forward motion of the storm, and the shape of the wind profile curve, respectively.
In terms of implementing (A1), one should note that it is given by the storm track data described in the data section, ℎ can be directly calculated by following the storm's movements between locations along its track, and and are calculated relative to the point of interest P=j. All other parameters have to be estimated or assumed. For instance, we have no information on the gust wind factor , but a number of studies (e.g., Paulsen and Schroeder, 2005) have measured to be around 1.5, and we also use this value. For we follow Boose et al. (2004) and assume it to be 1. While we also do not know the surface friction to directly determine , Vickery et al. (2009) note that in open water the reduction factor is about 0.7 and reduces by 14% on the coast and 28% further 50 km inland. We thus adopt a reduction factor that linearly decreases within this range as we consider points i further inland from the coast. To determine we employ Holland's (2008) approximation method, whereas we use the parametric model estimated by Xiao et al. (2009) to estimate . Our source for hurricane track data is the HURDAT Best Track Data, which provides six hourly data on all tropical cyclones, including the position of the eye and the maximum wind speed of the storm. These tracks are linearly interpolated to hourly positions. Finally, as set of points, = 1, … , we take the centroid of the barangay's PSG coordinates.
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